Motivation: Advances in genotyping and phenotyping techniques have enabled the acquisition of a great amount of data. Consequently, there is an interest in multivariate statistical analyses that identify genomic regions likely to contain causal mutations affecting multiple phenotypes (i.e., pleiotropy). As the demand for multivariate analyses increases, it is imperative that optimal tools are available to validate and compare different implementations of these analyses. To facilitate the testing and validation of these multivariate approaches, we implemented simplePHENOTYPES, an R package that simulates pleiotropy, partial pleiotropy, and spurious pleiotropy in a wide range of genetic mechanisms, including additive, dominance and epistatic models. Results: We compared simplePHENOTYPES to other simulation packages and we showed that, under comparable circumstances, all packages produce equivalent results. Using standard GWAS software (GEMMA), we confirmed that the genetic signal is correctly simulated under different genetic architectures. Finally, we illustrate simplePHENOTYPE's ability to simulate thousands of phenotypes in less than one minute. Availability: simplePHENOTYPES is freely available from CRAN. Developmental version, as well as vignettes, are available on GitHub (https://github.com/samuelbfernandes/simplePHENOTYPES). 65 3/4
The wealth of data available from high-throughput phenotyping platforms used in modern agronomical 2 experiments is enabling unprecedented study into the genomic underpinnings of genotype-to-phenotype 3 relationships [2, 12, 10] . In particular, these data are making it possible to gain insight into the simultaneous 4 contributions of genomic loci to multiple phenotypes, a phenomenon known as pleiotropy [11] . To ensure that 5 accurate inferences are being made from these data, the most appropriate statistical approaches must be used. 6 One avenue towards assessing the performance of such approaches is to simulate correlated phenotypic data 7 in which the pleiotropic and non-pleiotropic quantitative trait nucleotides (QTNs) underlying the genomic 8 sources of phenotypic variability are known. 9 Efforts in developing software for simulating correlated phenotypes resulted in several useful packages 10 [6, 8, 9] . However, there is not a single package to bring together all the parameters involved in the genetic 11 architecture of complex traits. For instance, to the best of our knowledge, no package is currently set for 12 simulating spurious pleiotropy as defined by Solovieff et al. [11] . In this work, we present the R/CRAN 13 package simplePHENOTYPES. This package will use real marker data to simulate additive, dominance, 14 and additive x additive epistatic QTN controlling multiple traits via pleiotropy, partial pleiotropy, and 15 spurious pleiotropy. We maximize its accessibility to the research community by ensuring its compatibility 16 with popular data formats and state-of-the-art GWAS and GS software. Developmental versions, as well as 17 vignettes, may be found at https://github.com/samuelbfernandes/simplePHENOTYPES. 2 Methods and Implementation 19 simplePHENOTYPES is capable of simulating traits with a wide range of genetic architectures, as depicted 20 in Figure 1 . After reading biallelic marker data into R, the user specifies the desired genetic architecture 21 using the create phenotypes() function. There is substantial flexibility with respect to specifying the genetic 22 architecture of these traits, specifically with the number of additive and non-additive (i.e. dominance and 23 additive x additive epistasis) QTNs controlling each trait and whether each QTN makes pleiotropic or 24 non-pleiotropic contributions. Additionally, it is possible to assign specific Pearson correlations between 25 genetic values of different traits. simplePHENOTYPES also allows the user to specify if the markers randomly 26 selected to be QTNs are to differ across each replicate trait. Next, the user will either manually input vectors 27 of the desired effect sizes of each QTN or allow the effect sizes to follow a geometric series [5] . Finally, 28 user-specified trait heritabilities will be used to simulate normally distributed random error terms that 29 represent non-genetic sources of trait variability. Thus, for a given individual, the resulting simulated trait 30 value is the sum of the simulated genetic effects and this random error term. 31 Figure 2 describes the three different types of pleiotropy that can be simulated. For illustration, let us 32 consider a pool of 20 QTNs and two traits (T rait j and T rait j ). In the pleiotropy scenario, all simulated 33 traits will be controlled by the same 20 QTNs. In the partially pleiotropy scenario, four QTNs control both 34 traits, seven QTNs only control T rait j and nine QTNs only control T rait j . The final scenario, spurious 35 pleiotropy, simulates two correlated traits where each is controlled by 10 different QTNs. For this genetic 36 architecture, simplePHENOTYPES randomly selects ten markers; each of these markers is in a user-specified 37 amount of maximum linkage disequilibrium with one QTN controlling T rait j, as well as another QTN 38 controlling T rait j . 39 We took several measures to ensure the quality, reproducibility, and accessibility of the results produced 40 by simplePHENOTYPES. Upon the completion of simulating traits, simplePHENOTYPES will create a log 41 file that will compare the estimated sample heritabilities and (when appropriate) trait correlations with those 42 2/4 specified by the user, as well as confirm details on the specified genetic architecture. The seed numbers used 43 to select QTNs and for simulating the random non-genetic error terms for each simulated trait are saved 44 as text files. These, along with genomic information on the markers selected to be QTNs, should facilitate 45 the regeneration of the simulated traits whenever the need arises. Finally, the simulated traits are saved in 46 user-specified formats that are ready for downstream evaluation in external quantitative genetics software 47 packages such as GEMMA [13] and TASSEL [1] , as well as saved as an R object that can be read into R 48 packages including GAPIT [7] and rrBLUP [4] . 49 3 Performance assessment 50 We compared traits simulated from simplePHENOTYPES to SimPhe [6] and PhenotypeSimulator [8] . Despite 51 the different methods used by the three packages, under some specific settings, namely the additive model 52 and the dominance model for SimPhe, they produced equivalent results. When phenotypes with the same 53 QTNs and effect sizes where simulated under these settings with a heritability of 1, the simulated phenotypes 54 were identical (Supplementary File). Additionally, we simulated phenotypes with large-effect QTNs and ran 55 multi-trait GWAS on GEMMA [13] . As expected, the simulated QTNs were identified as peak associations 56 ( Supplementary File, Figures 1, 2 and 3) . Finally, when we simulated phenotypes from a data set of 36,392 57 markers genotyped on 280 maize lines, a subset of the 282 Maize Diversity Panel [3] , on a single core with 70 58 GB of RAM, the median time across all settings was 11.9255 seconds to simulate 1000 replicate phenotypes 59 ( Supplementary File, Figure 4 ). 60 4 Conclusion 61 simplePHENOTYPES makes it possible to simulate multiple traits controlled by loci with varying degrees 62 of pleiotropy. Its ability to interface with both commonly-used marker data formats and downstream 63 quantitative genetics software and packages should facilitate the rigorous assessment of both existing and 64 emerging statistical GWAS and GS approaches.
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